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Existing Methods

PointNet (2017)
PointNet++ (2017)
DGCNN (2018)
PointCNN (2018)

Point Transformer (2021)
ASSANet (2021)
PointNeXt (2022)




PointMeta: Meta Architecture for Point Cloud Analysis
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PointMeta

PointMeta and its instantiation examples
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Empirical Study

Best Practice

o Position Embedding

o Neighbor Aggregation
o Complexity Allocation

Variant mloU Params FLOPs : :
(%) (M) (G) Variants mloU Params FLOPs
Plain-Max 473+0.7 2.0 1.4 (%) (M) (G)
Plain-PP 65.1202 2.0 15 N1P1 69.0+0.3 2.0 1.7
Plain-PP-Max | 58.4+0.6 2.0 s N2PO 68.7+0.3 2.0 1.7
Plain-IPE-Max | 68.0£03 2.0 13.8 NOP2 67.8£0.4 2.0 1.7
Plain-EPE-Max | 69.0£0.3 2.0 1.8 N1P2 69.5+03 2.7 2.0
Plain-EPE-PP 65.4+0.1 2.0 18 NIP2-Inv | 69.7+0.3 7.1 3.8
N2P1 69.4+03 2.7 2.0
N2Pl-Inv | 69.6£0.4 7.1 3.8
Vi Tatits miall e (ELGLS N1P3 69.5403 3.4 23
. - ) My 16 N3P1 69.6£05 34 23
Point Trans [36] 70.5£03 7.8 5.6

Point Trans (-VSA+Max) | 70.3£0.2 5.1 3.3




Evaluation

77.0* 7.71x FLOPs reduction S3DIS 6-Fold S3DIS Area-5 ScanNet mIoU | Params. FLOPs Throughput
g 2.1 higher mloU Method mloU OA mloU OA Val Test M G GinjEn)
76 -*PointMetaBase R %) SR -
75.64° PointNet++ [17] 545 810 | 535 83.0 535 557 |10 72 237
o74.9 PointCNN [£] 654  88.1 |57.3 85.9 - 45.8 0.6 - -
—_ * L DeepGCN [7] 600 859 | 525 g i - 36 - .
X 741 i T, ' PointNeXt KPConv [22] 706 - 67.1 - 692 686 |150 - -
~ = oPoint Transformer RandLA-Net [5] 700 88.0 | - - - 64.5 1.3 5.8 -
= > = BAAF-Net [17] 722 889 | 654 88.9 - - 50 - -
— E a Point Transformer [32] | 73.5 90.2 | 70.4 90.8 706 - 7.8 5.6 -
g 73 i n CBL [20] 731 896 | 69.4 90.6 - 70.5 18.6 - -
= s| o ASSANet [15] s - 65.8 88.9 . - 24 25 300
S o ASSANet-L [15] - - 68.0 89.7 - - 1156 362 136
N =l - PointNeXt-S [10] 630 874 | 63408 87.9+03 | 645 - 0.8 36 276
701 ¢ |gRandLA-Net PointNeXt-B [16] 715 888 | 67.3202 89.4+0.1 | 684 - 38 8.9 161
=|. PointNeXt-L [16] 739 898 | 69.020.5 90.0£0.1 | 69.4 - 7.1 15.2 109
- PointNeXt-XL [16] 749 903 | 70.5:0.3 90.6+0.1 | 71.5 712 416 84.8 43
5 PointMetaBase-L 756 90.6 | 69.5:0.3 90.5x0.1 | 71.0 - 27 2.0 187
68 - 68.0 PointMetaBase-XL | 763  91.0 | 71.1x0.4 90.9+0.1 | 71.8 - 153 92 104
‘ ; : ; . PointMetaBase-XXL | 77.0  91.3 | 71.3x0.7 90.8+0.6 728 714 19.7 11.0 90
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Conclusion

In the dimension of models, it allows us to compare and contrast different
models in a fair manner.

In the dimension of components, it allows us to have a higher level view
across components.

Based on the learnings from the previous two dimensions, we are then able
to do simple tweaks on the building blocks to apply the best practices.







